








tion level when t > s. It’s optimal for consumers to have t = s, when the product differentiation

level and search cost match.

Both search cost s for a perfectly fit product and the product differentiation level t are features

of the market, and the welfare impact of recommender systems highly depend on these market

parameters.

Figure 3.8: How welfare improvements change with search cost s and unit transportation cost t
of the nonpersonalized RS L = 1

3.3.2 How Welfare Changes in Personalization Levels

Table 3.1: Summary of welfare result: how increases in profit, CS and total welfare change with
the level of personalization L, when price discrimination is NOT allowed.

L ∆ Profit ∆ CS ∆ Total Welfare
L=0: No RS 0 0 0

0 < L ≤ t
s
: LowL s2L

2t
s2L
4t

3s2L
4t

L ≥ t
s
: highL s− t

2L
t

4L
s− t

4L

L→ +∞: perfect personalization s 0 s

Table 3.1 summarizes the profit, consumer surplus, and total welfare from the vendor’s profit

maximization for strategies 1 & 2. Table 3.2 summarizes the results after adding price discrim-

ination. The two tables together reflect how the three welfare measures change as the level of
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Table 3.2: Summary of welfare result: how increases in profit, CS and total welfare change with
the level of personalization L when perfect price discrimination is allowed

L ∆ Profit ∆ CS ∆ Total Welfare
L=1: No personalization s− t

4
0 s− t

4

2 ≤ L ≤ t
2s

s2L
t

0 s2L
t

L ≥ t
2s

s− t
4L

0 s− t
4L

L→ +∞: perfect personalization s 0 s

personalization L goes up. To compare the trends of three welfares graphically, Figure 3.9 is

Figure 3.9: Comparing how three welfare measures change in L ( s
t

= 0.2, t = 1)

generated using s = 0.2, t = 1, s
t

= 0.2 without price discrimination (strategies 1 & 2).

I have discovered that profit and total welfare always increase with personalization, whether

price discrimination is allowed or not. With price discrimination, change in consumer surplus

won’t improve from higher level of personalization. Without price discrimination, at lower level

of personalization, consumer surplus first increases with L, but after the level is higher than a

threshold, drops with higher L. The optimal personalization level is achieved at L = t
s

This non-monotonic trend of consumer surplus is the result of two profit-maximizing behav-

ior of the vendor that change the consumer surplus in two opposite directions. The first one is
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firms’ ”exploring” behavior: it tries to persuade more consumers to accept recommendations

through reducing their search costs. This behavior occurs when the personalization level is rel-

atively low and when there still exist consumers who prefer searching the catalog. The firm

increases the size of the pie of profit by which consumer surplus increases in the meanwhile,

because more consumers accepting recommendations means more search costs are saved. The

second profit- maximizing behavior is to increase the thickness of the profit pie, the price mar-

gin. When personalization level is so high that all consumers accept the recommendation, the

main channel of maximizing profit is to transforming consumer surplus into profit, which is the

”exploiting” behavior. Therefore, the personalization level is moderate, i.e. L = t
s
, the consumer

surplus is at the maximal level, when the vendor is just able to persuade all consumers to accept

recommendations.

The optimal level of L = t
s

for consumers increases in degree of product differentiation and

decreases in search cost. When searching costs less effort, and products are highly differentiated

(or searching is easy), firm needs to personalize at a higher level, i.e. segments consumers more

granularly to persuade all consumers to accept recommendations, while in contrast exhaustive

search and less product differentiation make consumers accept recommendations easily and it

costs the vendor less personalization to attract consumers to higher-priced recommendations.

In contrast, as depicted in Figure 3.9, profit and total welfare improvement increase mono-

tonically when the level of personalization L goes up. Specifically, when L ≤ t
s
, profit and total

welfare improve in L linearly, and beyond t
s
, the two measures converge to t s

t
= s with rate 1/L.

3.3.3 Personalized Products vs Price Discrimination

Let’s look at Table 3.1 and Table 3.2. Row 2 in Table 3.2 shows the result of price discrimination

without personalization in RS (strategy 2: PD-noPers), and row 3-5 in Table 3.1 demonstrate

the result of personalized recommendation when price discrimination is not allowed (strategy 3:

noPD-Pers). Comparisons of table results of strategy 2 to strategy 1 shows that personalization-
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only and price discrimination-only generates comparable profits, and personalization-only gen-

erates even higher profits than price discrimination-only. In addition, personalization always

increases consumers surplus (even though when L goes to infinity, such increase dies down to

zero).

Rows 3-5 in Table 3.2 demonstrates the resulting welfare from strategy 4 in which both di-

mensions of personalization are allowed. The change in resulting welfare from strategy 3 to

strategy 4 is the result of personalization on top of price discrimination. Obviously, personal-

ization enables the vendor to make even more profit from price discrimination and benefits the

social welfare. Comparison of strategy 2 to strategy 4 shows the welfare effect of price discrim-

ination on top of personalization. I have found that price discrimination is just transferring the

surplus from consumers to the firm.

However, I discover when personalization level goes to infinity, i.e. perfect personalization,

strategy 3 acts exactly the same way as strategy 4 in terms of the three welfare impacts. Per-

fect personalization charges the willing-to-pay on each consumer and leaves zero surplus for

consumers.

3.3.4 Possible Pricing Policy 1-Effect of Price Cap

In the mechanism that firm can exploit consumer surplus by increasing the personalization level,

the essential part is that firm can charge higher price with better fitting recommendations with

smaller distances to the consumers. To restraint such a exploitive behavior of the firm in high

levels of personalization, one potential policy is to put a price cap on the RS. This cap should

be applied to any recommendation strategy of the firm, i.e. independent of L. Since in the low

levels of recommendations, firm charges price p0 + s
2

and under this price, consumers benefit

from higher personalization, the most intuitive and simple price cap is pl ≤ p0 + s
2
.

With price cap p0 + s
2
, under low levels of personalization L ≤ t

s
, the firm charges p0 + s

2
as

without the cap, and all three welfares increase with higher L. Under high levels of personaliza-
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tion L ≥ t
s
, as shown by Fig.3.7, profit increases with price when pl ≤ p0 + s

2
≤ p0 + s − t

2L
,

so it’s optimal for the firm to charge pl = p0 + s
2

under the price cap. So regardless of levels

of personalization, the optimal price for the firm is p∗ = p0 + s
2
. The resulting welfares are

summarized in Table 3.3.

Table 3.3: Summary of welfare result: how increases in profit, CS and total welfare change with
the level of personalization L when perfect price discrimination is allowed

L ∆ Profit ∆ CS ∆ Total Welfare

1 ≤ L ≤ t
s

s2L
2t

s2L
4t

3s2L
4t

L ≥ t
s

s
2

s
2
− t

4L
s− t

4L

L→ +∞: perfect personalization s
2

s
2

s

In this case higher personalization will no longer lower consumer surplus. CS increases with

L instead. In the personalization level case, the firm and its consumers evenly splits the amount

of total welfare improvement that equals to total search costs s × 1 = s. However, under this

price cap, the firm is not motivated to increase the level of personalization beyond t
s

since under

the cap, the profits are unchanged with higher L.

3.3.5 Possible Policy 2-Effect of a Competitor

In the case of high levels of personalization, the reason why firm can charge consumers the ex-

ploiting price is that consumers have only two options: either searching and buying from the

catalog or accepting and purchasing the recommended item. Under exploiting price, consumers

still accept because the RS option generates higher surplus than searching the catalog. The

monopoly RS provider itself offers low catalog price such that no outside option can make con-

sumers buy nothing from the monopoly firm and switch to other companies. In another word,

consumers are ”locked in” the company. What if now consumers have a chance to leave the old

company and switch to another competitor company that implements a RS that provides surplus

higher than the catalog option of the old company? Could the competition motivate the company

to lower the price below the exploiting price, especially when the personalization level is high?
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If the competition works in providing incentives, is the effect enough to restrict firm’s exploitive

behavior in equilibrium?

Suppose there are two companies A and B, forming a duopoly in the market, with shares σA

and σB respectively. σA + σB = 1. Both firms have consumers and catalog products that are

uniformly distributed on the circle with price p0 and search cost s for perfectly fit products. The

two companies are assumed to implement RS with the same selection of products, but charging

different prices. Company A charges pA in RS and company B charges pB in RS. In addition, by

switching to another company consumers pay switching costs c. Explained in Klemperer (1987),

the classic switching cost paper, the switching cost could be the learning cost, transaction costs,

or the artificial switching cost such as the reward programs that encourage repeated purchases.

First we assume company A has already introduced the RS with price pA under personaliza-

tion L. Company A focused on its own consumers and was not aware of the competition from

company B. Then we can find company B’s optimal price and how B’s pricing strategy motivates

company A to adjust its pricing strategy.

Suppose company A charges the price pA for RS as we have described without competition,

and gets profit πA as the total profits collected from catalog purchase and RS purchases in each

consumer group.

∀L ∈ [1,
t

s
], pA = p0 +

s

2
, πA =

p0

L
+
s2

2t

∀L ∈ [
t

s
,+∞), pA = p0 + s− t

2L
, πA =

p0 + s− t
2L

L

Now company B charges a price pB to maximize its profits. Company B’s profits are composed

of three parts: profits from B’s catalog purchases, profits from B’s RS purchases, and profits from

A’s consumers. Each consumer i of company A has distance riA from the recommended product

in A’s RS and riB from the recommended product in B’s RS. The utilities of different options,

using Us for catalog purchase, UA for RS purchase of A’s products, and UB for RS purchase of
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B’s products are:

Us = V − p0 − s

UA = V − pA − t× riA

UB = V − pB − c− t× riB

Since we assume the company B has the same product selection for RS as A does, i.e. riA =

riB ≡ ri, the choices of company A’s consumers depend on the consumers’ distances from

recommendations, ri.

• searching: ri ≥ max{p0+s−pA
t

, p0+s−pB−c
t

}

• accept RS of A: pA ≤ pB + c and ri ≤ p0+s−pA
t

• switch to RS of B: pA > pB + c and ri ≤ p0+s−pB−c
t

So some consumers of company search and buy from the catalog of A, and the others all accept

the recommended products provided by the same company, either A or B. Those consumers who

don’t search accept and buy from A if pA ≤ pB + c, and switch to B otherwise. Consumers of B

have three options similar to those of A. The condition for B’s consumers to switch to A’s RS is

pB ≥ pA + c.

Combing the choices of consumers of both A and B, the condition for the case when con-

sumers of neither companies switch is:

pA − c ≤ pB ≤ pA + c, pB − c ≤ pA ≤ pB + c (3.12)

Assuming now company B charge the same price for the recommended product, now let’s discuss

whether firm B is motivated to steal company A’s consumers by cutting prices of RS, or put in

another way, whether the price pB with pB ≤ pA − c is more profitable than pB = pA
3.

3It’s easy to see that a price pB with pB ≥ pA + c will only make B worse off because under such price some
consumers of B switch to A’s RS.
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The profits of B from each group of consumers are:

πB(pB) = σBpBmin(
p0 + s− pB

t
,

1

2L
)+σBp0max(

1

2L
−p0 + s− pB

t
, 0)+σApBmin(

p0 + s− pB − c
t

,
1

2L
)

(3.13)

• If p0+s−pB
t

≤ 1
2L

, πB(pB) = 1
t
[−p2

B+pB(p0+s+σB×p0−σA×c)+σA( t
2L
p0−p2

0−p0×s)]

• if p0+s−pB−c
t

≤ 1
2L
≤ p0+s−pB

t
, πB(pB) = 1

t
[−σAp2

B + pB(σB
2L

+ σA(p0 + s− c)]

• if p0+s−pB−c
t

≥ 1
2L

, πB(pB) = 1
t
(pB

2L
)

p∗B =

( p0 + s−σA(p0+c)
2

if p0+s−pB
t

≤ 1
2L

p0+s−c
2

+ σB
4LσA

if p0+s−pB−c
t

≤ 1
2L
≤ p0+s−pB

t

p0 + s− t
2L
− c if p0+s−pB−c

t
≥ 1

2L

(3.14)

Since two firms have the same settings, we can assume that they have equal shares in the

market, i.e. σA = σB = 1
2
. Then we can derive the condition under which firm B is motivated to

lower its price below pA−c to steal consumers from A, assuming company A sets price according

to equation (3.13).

The objective of introducing competition is to mediate the firm’s exploitive behavior in high

level of personalization, here the focus is on the case L ≥ t
s
.

When company B doesn’t cut price, the price, pB,nCut and profit πB,nCut will be the same as

company A.

When company B steals consumers from A by cutting price, the low price that B offers

satisfies pB,cut ≤ pA − c = p0 + s − t
2L
− c. This leads to the case when all consumers of both

A and B adopt RS of B, since:

p0 + s− c− pB,cut
t

≥
p0 + s− c− (p0 + s− t

2L
− c)

t
≥ 1

2L
p0 + s− pB,cut

t
≥ p0 + s− c− pB,cut

t
≥ 1

2L

So equation (3.13) generates πB,cut(pB,cut) = 1
L
pB,cut. The optimal price is at pB,cut =
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p0 + s − c − 1
2L

. The maximally achievable profit from cutting price is πB,cut = 1
2

p0+s−c− t
2L

L
.

Comparing the profit of vendor B when B cuts prices to the profit without cutting price, we have

πB,cut − πB,nCut =
p0 + s− c− t

2L

L
− 1

2
(
p0 + s− t

2L

L
)

=
1

2L
[p0 + s− t

2L
− 2c]

Therefore, vendor B is motivated to cut price to compete aggressively with A when

p0 + s− 2c− t

2L
≥ 0 (3.15)

Specifically from equation (3.15), we learn how switching cost c influences whether a competitor

would like to divert from the monopoly price and aggressively attract the consumers of another

company by cutting prices.

When switching cost satisfies c ≤ p0
2

+ s
4
, B will be motivated to cut price. When c > p0

2
+ s

2
,

B will not cut price. Within the range [p0
2

+ s
4
, p0

2
+ s

2
], when personalization level is relatively

higher, L ≥ t
c(p0+s−2c)

, B cuts price, otherwise B continues charging the monopoly price. We can

see that when the switching cost between companies in the market is within some range, both

companies are motivated to compete against each other aggressively. Competition between RSs

of different companies leads to vendors lowering prices of RS, especially at the high levels of

personalizations.

Under condition in equation 3.15, company B is willing to cut price. As a response, A will

respond to B’s such behavior by not doing anything and losing all its consumers, or cutting the

price of A’s RS based on B’s adjusted price for its RS. By symmetry, the two companies stop at

the same prices of their RS, when cutting prices further will make them worse off. We can derive

the equilibrium prices.

Since the equilibrium prices, denoted by pe, can remain only if both companies have no

incentives to cut prices, cutting prices generate lower prices than without cutting prices. So we
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have πi,cut < πi,nCut, i ∈ {A,B}. Since π∗i,cut = pe−c
L

, πi,nCut(pe) = pe
2L

, the condition is:

pe ≤ 2c (3.16)

As starting from the monopoly price p0 + t
2L

+ s, the firm is cutting price by c each time, the

final price at equilibrium will be:

pe = p0 + s− t

2L
−Ne × c (3.17)

, where Ne = minn{p0 + s − t
2L
≤ (n + 2)c}. In Equation (3.16), Ne represents the number

of rounds of cutting prices after which, for the first time, the two vendors charge prices pi,cut ≤

2c, i ∈ {A,B} that satisfy the condition for equilibrium.

Therefore, by introducing the RS for a competitor, the monopolistic RS provider has motiva-

tion to lower the prices. Encouraging competition might be a potential policy for the regulators

to restrict surplus exploitive behavior of the RS provider.

3.4 Conclusions, Implications, and Future Works

This research presents an analytical framework to evaluate the welfare impact of a monopolistic

personalized online recommender system in a market with horizontally differentiated products

and heterogeneous consumers. The analysis shows that through perfectly identifying the pref-

erence of consumers and reducing the search cost, the personalized recommender systems can

serve as an alternative business tool to price discrimination, converting the willingness-to-pay of

each consumer into profits. Such a personalized tool not only increases profit by a magnitude

no smaller than price discrimination does, but also improves consumer surplus through reducing

search costs.

The unique contribution of the authors is to evaluate personalization from an innovative per-
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spective of how it resembles price discrimination. The proposed model is the first attempt to

formally separate the two dimensions of personalization, i.e. prices and non-price product char-

acteristics, and build the correspondence between them by a novel concept of personalization

level. Personalization level is defined as the number of segments by which the firm personal-

izes recommendation strategies. Profit is maximized when personalization is “perfect”, i.e. each

segment has a single consumer, and each one (segment) is recommended a different product.

Consumer surplus will be zero in this case, resembling the effect of first-degree price discrimi-

nation. Finite levels of personalization correspond to third-degree price discrimination.

The managerial implication of this research is to demonstrate to industry practitioners that a

personalized recommender system is an alternative to price discrimination in the form of price

markup since consumers pay the markup of prices for reduced search costs. This type of recom-

mender systems are more effective and profitable in industries where consumer search is exhaus-

tive and difficult, or where the degree of product differentiation is not too high. Strategically,

online vendors should develop technologies to segment and personalize product recommenda-

tions to a level that maximize the expected profits.

The authors’ work has important policy implication for regulators. It has proven how person-

alized recommendation is able to benefit both a monopoly firm and its consumers by reducing

search cost. However, when personalization level is high enough, there is no space for search

cost reduction and the firm exhibits too much exploitive behavior such that consumer surplus

becomes negatively correlated with personalization level. Therefore, policymakers should be

aware of that even though reduction of search costs are beneficial to consumers, the existence of

a fair amount of searching behavior in the market is healthy for consumers. To restrict a firm’s

exploitive behavior when there is no reduction in search cost, the essential part is to restrict

the firm from charging high exploiting prices. As demonstrated in the discussion, policymakers

can make higher personalization always benefit both the monopoly firm and consumers through

the implementation of a price cap. Another potential policy analyzed is the introduction of a
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competitor offering RS that uses the same selection of products for the competitor’s RS. The

introduced competitor has been found to be willing to cut price to aggressively attract the con-

sumers of the incumbent vendor if the switching cost for the incumbent company’s consumers

to switch to the competitor’s RS is within some range of values. Such competition motivates the

incumbent company to lower the price of its RS to fight back. At equilibrium, the prices that two

companies charge are lower than the monopoly price without competition. In fact, the switching

cost determines whether the competitor competes aggressively, and if the competitor competes

by cutting price, the equilibrium prices are also functions of the switching cost. Policymakers

can implement regulations, such as enabling the transfer of points between reward programs of

different companies and advocating formation of alliance of companies, in order to encourage

the easiness of switching between RS providers so as to get a desirable welfare result.

Several assumptions of the analytical model this work has been built on are tractable and

generalizable, but assumptions of single period, perfect information, and zero technology cost

are too strong to generalize. Future work can be done to expand the model to multiple periods and

include uncertainties of both firm and consumers. Such a revised model incorporates the effect

of a recommender system on helping consumers reduce uncertainties. Consumers build trust in

a recommender system through experiences of previous interactions. This is not captured yet in

the current single-period model with complete information. It’s expected that the online vendor

and consumers’ interest will be more aligned with regard to the level of personalization. In

addition, it’s an interesting question to figure out by including the cost of improving segmentation

technology, how a firm balances between raising personalization level to create more revenue and

reducing such technology costs.
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Chapter 4

Uncertainties and Consumer Learning in a

Multi-Period Recommender System

4.1 Introduction

In a one-shot game like the model in Chapter 3, the shortsighted seller, as the designer of the RS,

chooses prices and recommendations that maximize the one-period profit. Yet in the real world,

it is unlikely that the seller only has one-period interactions with all of its consumers. Online

consumers shop repeatedly. In general, consumers have repeated needs for a considerable vari-

ety of products. As found by the famous marketing consultant Jack Trout, an American family

on average buys the same 150 items repeatedly which occupy 85% of the household spending

(Schneider and Hall, 2011). Compared to brick-and-mortar stores, online shops have less geo-

graphic constraints, and consumers have more brand and platform choices. Online consumers

might meet their online shopping needs at different stores and switch between stores in different

periods of time (Sharp, 2013), which makes the online market more competitive from the sell-

ers’ side. Therefore, how to make consumers come back is the key to success for e-vendors. A

large body of literature investigates the factors that influence consumers’ online repeat-purchase

intention (Chiu et al., 2014; Abdul-Muhmin, 2010; Gefen et al., 2003; Hoffman et al., 1999).
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Nowadays major online companies are forward-looking. As an effective marketing tool,

online RSs are deliberately utilized to boost both consumers’ initial adoptions and their later

repeated purchases. To examine the motives of consumers’ purchase behavior, it is natural to

model them as dynamic decision makers and predict their actions in multiple periods.

Previously in Chapter 3, the model describes one-period transactions between a monopoly

firm and its consumers. Each consumer is assumed to know the exact location of the recom-

mended product. Instead, in Chapter 4, I release this assumption and model consumers as being

uncertain about the true location. Only through purchasing are they able to learn the true location

of the recommended product.

The type of scenario I model in Chapter 4 can be illustrated by a synthetic example:

Suppose a monopoly online retailer has a large consumer base and all consumers used the

catalog for searching and purchasing before. Now the vendor wants to introduce a new RS to

its online platform. No one has used the system before and cannot observe the location of the

product being recommended. But consumers have a guess on the location. Whether or not they

want to buy depends on their guess. Consumers who purchase from the RS learn the true location

and update their guess of the RS.

The purpose of the multi-period model is to predict a firm’s recommendation strategy with

consideration of the dynamic choices and learning behavior of consumers. I am interested to

evaluate how a firm’s exploitive behavior, as the result of Chapter 3, changes by its intention to

retain consumers in the initial interactions. If having the power to influence consumers’ percep-

tion of the product location, how the online merchant revises its recommendation strategies? For

policymakers and regulators, this study explains how RSs might be used as a profit exploiting

tool of e-vendors and highlights the key factors of how online RSs can be made healthy.
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4.2 Model

To simplify the assumptions, I model the multi-period transactions between the monopoly firm

and its consumers by a two-period game. In this game, one firm sets price and recommendations

upfront before the first period, and prices are the same across periods. Without any purchase,

consumers have a uniform prediction of the recommendation quality (closeness in preference

space). Consumers who purchased previously are able to completely learn the quality. Firm is

maximizing the sum of the two-period profits.

4.2.1 The Game

The two-period game can be described by four stages. In stage 1 and stage 2, the firm chooses

the prices and the locations of the products to be recommended for two periods. Since firm

doesn’t know the exact location of each consumer, or firm can only choose a few product for

recommendations, it chooses the number of different products, L, for recommendations to L

groups of consumers. This setting is the same as in Chapter 3. Even though in Chapter 4, there are

two periods, the prices and locations of the product recommended to each consumer are the same

for period one and period two. Fig.4.1 illustrates the two-players multi-stage sequential game.

After describing the four stages individually, I solve the optimal price by backward induction.

Stage 1

In stage 1, the e-vendor selects L unique products, each of which is to be recommended to

each of the L consumer groups. Due to symmetry, the vendor selects products that are located

equidistantly along the circular preference space. The personalization level L is exogenously

determined. One explanation of exogenous L is limited targeting technology, which means the

vendor is only able to specify the range of each consumer’s location, i.e., which group on the

preference space in Fig.3.3 each consumer belongs to. So the vendor splits the circle into L arcs
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of equal length and treats consumers situated on the same arc the same. The other explanation

for exogenous L is that the vendor has a limited number of products available to recommend (L).

Figure 4.1: Timeline of decisions for a RS game of two-period transaction

Stage 2

In stage 2, firm chooses prices, denoted by pit, where t ∈ {1, 2} denotes time period. pi1 = pi2 =

pi. By symmetry and no price discrimination condition, pi = p.

Stage 3

In the first period, none of the consumers have previous experiences with the RSs. Consumers

have an initial guess on the recommendation quality. For horizontally differentiated products,

qualities are proxied by the transportation cost from the product to a consumer, as the product

of distance in preference space and the unit transportation cost. Specifically, I use r0ij to denote

consumer i’s initial predicted distance of the recommended product j, and r0ij = r0,∀i, j. Each

consumer has three choices: accept and buy the recommended product, search and buy the cata-

log, or buy nothing. As shown in Chapter 3, consumers have a positive utility from searching the

catalog, so they will always buy something. Whether they accept or search depends on which

option gives a higher predicted consumer utility.

Under price p > p0 + s − tr0, predicted utility from accepting the recommended product
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is always lower than searching the catalog, so none of the consumers are motivated to take an

initial step to experience the RSs. Then in the later periods, there is, no chance of learning and

consumers always hold their intitial guess of r0, so they don’t accept as well. The e-vendor earns

zero profit from recommendations if charging p > p0 + s− tr0.

If firm charges price p ≤ p0 + s − tr0, all consumers accept recommendations in the first

periods, and pay p. Whether those consumers continue buying from recommendations in the

second period or not, the vendor earns profit p from recommendations to whoever accepts in a

specific period.

However if p ≤ p0 + s− tr0 ≤ p0, i.e. r0 ≥ s
t
, firm could have earn more profit p0 − p from

encouraging those consumers who accept to search and buy from the catalog instead. So when

r0 ≥ s
t
, firm encourages consumers to search and charges recommendation price p ≥ p0 +s−r0.

When r0 ≤ s
t
, the vendor charges p ≤ p0 + s − r0, and all consumers accept in the first

period. Specifically, in the first period,

∀i, Consumer i

{ accepts recommendation if Uaccept ≥ Usearch V − tr0 − p ≥ V − s− p0,

p ≤ p0 + s− tr0

searches the catalog if Uaccept < Usearch p > p0 + s− tr0

Stage 4

If r0 >
s
t
, and the vendor charges p > p0 + s− r0, then the game stops at stage 3 and firm has no

incentives to introduce the RSs. Therefore it is more meaningful to talk about the scenario under

the constraint r0 ≤ s
t
.

If r0 ≤ s
t
, p ≤ p0 + s− r0, in period one, all consumers buy directly from the catalog. At the

beginning of stage 4, consumers completely learn the true location of the recommended product

from the first-period purchasing experience. That is to say, consumers update their knowledge

about the product distance by ri = r0 + (ri− r0). Consumers not only learn the specific location

of the product, but also learn the quality of the RS (how close). In period two, consumers choose
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to ”accept” or ”search”, whichever generates higher surplus based on the true location of the

recommended product.

So, ∀i, Consumer i

{
accept recommendation if Uaccept ≥ Usearch V − tri − p ≥ V − s− p0,

p ≤ p0 + s− tri

ri ≤ p0+s−p
t

& ri ≤ 1
2L

search the catalog if Uaccept < Usearch p > p0 + s− tri

ri >
p0+s−p

t
& ri ≤ 1

2L

, where ri denotes the distace of the recommended product from consumer i.

It’s straightforward that consumers who overestimate the distance (ri ≤ r0) in the first period

will buy directly in the second period for sure. Only consumers {i : ri ∈ [r0,
1

2L
]} need to be

discussed. If r0 ≥ 1
2L

, this case is trivial, since all consumers overestimate in the first period

and so if they accept in the first period, they will also accept in the second period. In the more

interesting case of r0 <
1

2L
, viewing price p, the marginal consumer who is indifferent between

”accept” directly and ”search” is rm = p0+s−p
t
≥ r0. The farthest consumer from the recom-

mended product is 1
2L

distance away. So the position of the ”marginal” consumer relative to the

farthest consumer, as shown in Fig. 4.2, determines how many consumers accept recommenda-

tions. If rm < 1
2L

, then consumers with ri ∈ (rm,
1

2L
] search and buy from the catalog, while

the other consumers accept and purchase from the RS. If rm ≥ 1
2L

, consumers all accept in the

second period.

Figure 4.2: Consumer choice when the marginal consumer is at rm ∈ [r0,
1

2L
]
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4.3 Analysis and Results

4.3.1 Optimal Price

In previous description of the game, I discussed the condition under which the firm is motivated

to encourage consumers to accept recommendations, i.e. r0 ≤ s
t
. When this condition is satisfied,

the e-vendor will charge a price that makes all consumers accept in the first period, i.e. p0 ≤ p ≤

p0 + s − tr0. Under this constraint, optimal price p that firm chooses at stage 2 maximizes the

sum of the two-period profits.

So, when r0 ≤ s
t
,

p|p0 ≤ p ≤ p0 + s− tr0 = argmaxp
∑

period=1,2

πperiod

= argmaxpf(p;L)

where f(p;L) = p+ 2L

∫ 1
2L

0

1(searchr)p0 + 1(acceptr)pdr (4.1)

Let f0(L) = 2p0,∆p = p− p0, then

fr(∆p;L) = f(p, L)− f0(L) = ∆p+ 2L

∫ 1
2L

0

1(acceptr)∆pdr (4.2)

It’s easy to see that,

p|r0 ≤
s

t
= p0 + argmaxpfr(∆p|L,∆p ≤ s− tr0) (4.3)

In other words, the optimal price maximize the profit difference between with and without RSs.

The ”accept” condition in stage 4 can also be represented by ∆p in:

1(acceptr|r ≤
1

2L
) =

{
1 if r ≤ s−∆p

t

0 if r > s−∆p
t

(4.4)
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Substituting Eq.(4.4) into Eq.(4.2),

fr(∆p|L, 0 ≤ ∆p ≤ s− tr0) =

{ ∆p(1 + 2L( s−∆p
t

)) if r0 <
1

2L
& ∆p ≥ max(0, s− t

2L
)

2∆p if r0 <
1

2L
< s

t
& ∆p < s− t

2L

2∆p if r0 ≥ 1
2L

(4.5)

Therefore, the optimal price is a function of consumers’ initial guess on the quality of recom-

mendations r0, and the level of personalization L. Eq.(4.6) and Fig.4.3 presents the mathematical

solution to profit maximization and the corresponding visualizations respectively.

Figure 4.3: How optimal prices change with r0 and L
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p∗(r0, L) =

{
p0 + s− t

2L
if r0 <

1
2L

& p0 + s
2

+ t
4L
≤ p0 + s− t

2L
⇐⇒ L ≤ 1

2r0
& L ≥ 3t

2s

p0 + s− tr0 if r0 <
1

2L
& p0 + s

2
+ t

4L
≥ p0 + s− tr0 ⇐⇒ L ≤ 1

2r0
& L ≤ 1

2s
t
−4r0

p0 + s
2

+ t
4L

if r0 <
1

2L
& p0 + s− t

2L
≤ p0 + s

2
+ t

4L
≤ p0 + s− tr0

⇐⇒ L ≤ 1
2r0

& 1
2s
t
−4r0
≤ L ≤ 3t

2s

p0 + s− tr0 if r0 ≥ 1
2L
⇐⇒ L > 1

2r0

(4.6)

The above Eq.(4.6) shows the optimal prices when r0, L have mass in specific area of the

parameter space. There are three optimal prices in total:

p1 = p0 + s− tr0

p2 = p0 +
s

2
+

t

4L

p3 = p0 + s− t

2L
(4.7)

p1 : Price Upper Bound

p1 is the highest price that can make all consumers accept in the first period, which is the price

that makes consumers who accurately predict the quality of recommendations marginal con-

sumers (with zero surplus). In the second period, only consumers who overestimated in the

first period accept and purchase the recommended item. Naturally, when consumers all overes-

timated the distances, which means r0 ≥ 1
2L

, demand is fixed and profit is a linear function of

price fr(∆p, p ≤ p1) = ∆p that monotonically increases in p. So it’s optimal to choose p1.

p2 : Optimal Price of the Unconstrained Problem

Similar to the model in Chapter 3, firm’s profit maximization is composed of two parts: the first

part is to increase the margin obtained from each consumer who accepts (p−p0). The second part

is to increase the number of second period demand from recommendations (rm = s−(p−p0)
t

). The

two conflicting factors balance at p2 in theory. Considering the demand of each recommended
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product is at most 1
L

and the farthest consumers are at most 1
2L

, if the distance of a marginal

consumer under p2 is within [0, 1
2L

], then it’s optimal for the firm to charge p2.

p3 : Exploiting Price

On the other hand, if under p2, the distance of marginal consumers rm is above maximum de-

mand, then the actual demand is 1
L

in each group. In this case, the firm can do better by increasing

the price a little bit above p2 without decreasing the demand. So p2 is not optimal for the firm.

In fact, firm can continue increasing the price until the the farthest consumers become marginal

consumers (with zero surplus, rm = 1
2L

). p3 is corresponding price that leads to such rm.

One thing to notice is that the two-period price also has a lower bound p0 to ensure non-

negative change in profit compared with the case without the RS.

The aforementioned cases of optimal prices are combined into Eq.(4.6) and visualized by

Fig.4.3.

4.3.2 Consumers’ Uncertainty r0 and Firm’s Uncertainty L

As previously shown, optimal prices depend on the pair of values of (r0, L). The various opti-

mal prices and sizes of ”accept” or ”search” consumers’ sizes spanning over parameter space of

(r0, L) are summarized in table 4.1. To better visualize the region of (r0, L) for different optimal

Table 4.1: Different optimal prices determined by (r0, L)
Area r0 L Optimal price 2nd Period:”accept” 2nd Period:”search”

II (0, s
3t

) [1, 1
2s
t
−4r0

) p1 (0,r0) (r0,
1

2L
)

III ( 1
2s
t
−4r0

, 3t
2s

) p2 (0, s
2t
− 1

4L
) ( s

2t
− 1

4L
, 1

2L
)

I ( 3t
2s
, 1

2r0
) p3 (0, 1

2L
) ∅

IV ( 1
2r0
,+∞) p1 (0, 1

2L
) ∅

II ( s
3t
, s
t
) [1, 1

2r0
) p1 (0,r0) (r0,

1
2L

)

IV ( 1
2r0
,+∞) (0, 1

2L
) ∅

prices p1, p2, p3, the parameter space is plotted in Fig.4.4. Each colored area represents one con-
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dition with different combination of (r0, L). Specifically, when both r0 and L are large (area IV

Figure 4.4: Different conditions of optimal price, as functions of (r0, L)

of Fig.4.4), which means a large number of consumers overestimate the distances, if consumers

accept in the first period, most of them also accept in the second period. Then firm is most likely

to charge the highest price below which consumers are willing to adopt RS in the first period

(p1). In this case, the optimal price p1 = p0 + s− tr0, and thus the maximal obtainable profit, is

negatively correlated with r0. On the other hand, larger r0 means larger consumer surplus.

If r0 is small, and L is also very small, most consumers underestimate the distances, so in the

second period few consumers accept and the profits collected in the second period will be a small

portion compared to the first-period profit. In this case firm will be short-sighted and charge the

highest price as possible to collect more margins from the first period, and the optimal price is

also p1. As L increases, the farthest consumers in each group will be closer to the recommended

product. The second period profits will be more important to the firm, so it feels more motivated
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to lower the price to increase demand in the second period. In the range of medium levels of

L (area III of Fig.4.4), firm charges the optimal price p2 as the balance between higher margin

in two periods and larger demand in the second period. When L is so large that each group

becomes so small and there is no room for expanding demand, firm will charge the highest price

that makes all consumers accept in both periods (area I of Fig.4.4, p2).

Recall that r0 is the consumers’ initial guess on the product quality, indicating their uncer-

tainties about the product, while L is determined by how many groups of consumers can firm

segment referring to its current knowledge of consumers’ locations. When the above mathemat-

ical results are combined with the physical meaning of r0 and L, I have the following result of

how two-sided uncertainties interact and alltogether determine optimal price and the resulting

welfares.

• High targetability (L) of the vendor and high initial evaluation (r0) of the consumers will

make the vendor shortsighted and charge the highest price at which consumers adopt rec-

ommendations in the first period.

• Higher targetability is always beneficial to both the firm and the total welfare.

• Low initial consumer evaluation of the RSs can give the consumer more power to motivate

firm to lower price and then increase consumer surplus (shown more in detail in the next

section).

• The hint of low intial consumer evaluation can limit firm’s exploitive behavior.

4.3.3 Welfare

Previously it is demonstrated that different values of (r0, L) lead to different optimal prices. This

section analyzes the welfare results from not only different optimal prices, but also different

acceptance conditions. It’s shown from Table 4.1, even under the same price p1, area II and area

IV have different acceptance conditions, with partial acceptance ((0, r0) in each group, in total
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r0
2L

of consumers) and all consumers’ acceptance respectively.

Particularly, the three welfare measures, profit, consumer surplus, and total welfare are pre-

sented under area I, II, III, and IV in Table 4.2. Because the objective is to analyze how welfares

change before and after adding the RS, the welfare differences are used as the measures for,

i.e. change in profit ∆π, change in consumer surplus ∆CS, and change in total welfare ∆TW .

From Table 4.2, it can be calculated how different welfare meansures change with r0 and L, and

Table 4.2: Resulting welfare depending on (r0, L)
Area Optimal price ∆π ∆CS ∆TW

I p3 2s− t
L

t
2L

2s− t
2L

II p1 −2tLr2
0 + (2Ls− t)r0 + s tLr2

0 + tr0 − t
4

1
L
−tLr2

0 + 2sLr0 − t
4L

+ s

III p2
s2

2t
L+ t

8
1
L

+ s
2

s2

4t
L− 7t

16
1
L

+ s
4

3s2

4t
L− 5t

16
1
L

+ 3
4
s

IV p1 2(s− tr0) 2tr0 − t
2L

2s− t
2L

if there exist any conflicts between the vendor and consumers in preferences of r0 and L. As a

result, I generate Table 4.3.

Table 4.3: How welfares change with (r0, L)
Welfare measure (r0, L)

Area I Area II Area III Area IV
∆π (=,↗) (↘,↗) (=,↘↗) (↘,=)

∆CS (=,↘) (↗,↗) (=,↗) (↗,↗)
∆TW (=,↗) (↗,↗) (=,↗) (=,↗)

Notes: = means ”not depend on”
↘ means ”decreases with”,↗ means ”increases with”.

Profit Looking at row 1 of Table 4.3, for most of the time, profit decreases with r0 and increases

with L. The only exception is area III, in which profit is a bell-shaped function of L. However,

when L ≥ s
2t

, as satisfied by area III values, profit still increases in L. Physical meaning of this

result is that the vendor would be better off if its consumers have a good evaluation of its quality

at the very beginning (small r0), regardless of whether that guess is accurate or not, and if it is

more accurate in the inference of consumers’ locations (large L). This result is consistent with
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firm’s commonly observed behavior of running advertising campaign to improve reputations and

user experience, as well as its efforts to improve targeting technology.

Consumer Surplus Looking at row 2 of Table 4.3, consumer surplus decreases with L in area I

and increases with L in area II, III, and IV. This means when consumers have a high initial guess

on the recommendation quality, increasing targetability of the firm makes consumers worse off.

This is because in area I & III , r0, consumers’ initial evaluation of recommendation in the first

period, is so high and consumers enter so easily that price’s upper bound from encouraging first-

period entry into the RS almost plays no effects. In the region of area I & III, consumers and

firm behave in a way similar to that of one-period Chapter 3 model: at low levels of personal-

ization level L (area III), increased targetability makes more consumers ”accept” and therefore

increases profits and consumer surplus at the same time. But after the personalization level sur-

passes a threshold (area I), which is s
t

in Chapter 3 and 3t
2s

here, all consumers ”accept” and the

vendor starts to ”exploit” consumers and shifts consumer surplus to profits through increasing

targetability L.

In area IV, higher targetability benefits consumers. This area is defined by the condition:

L > 1
r0

, which, with simple transformation, is equivalent to r0 >
1

2L
. r0 is the a consumer’s

initial inference on the distance of the recommendation, and 1
2L

is the true distance of the far-

thest consumers from a recommended product. The incentive of the vendor to encourage all

consumers’ first-period entry, combined with the condition r0 > 1
2L

, plays an effect now: to

encourage all consumer to adopt the RS in the first period, the vendor will charge a price that

makes a ”virtual” consumer with distance r0 accepts. Since actual distances of all consumers are
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less than r0, all of them get positive surplus in both period, as

∆CSi = CSaccept − CSsearch

= (V − tri − p)− (V − s− p0)

= s+ p0 − tri − p

≥ s+ p0 − t
1

2L
− p

> s+ p0 − tr0 − p ≥ 0

So all consumers overestimate the distances of the recommendations, once they accept in the

first period, they accept in the second period as well. Firm charges the highest price that ensures

first-period entries. With r0 fixed, if the vendor increases L within the range ( 1
2r0
,+∞), say from

L1 to L2(> L1), the willingness-to-pay of the farthest consumers increase by (− t
2L2

) − (− t
2L1

)

under the same price p1. Since the price is bounded above by the first-period price to ensure

entries, the vendor cannot charge higher price to exploit such extra willingness-to-pay. This is

different from the Chapter 3 model, where higher L comes with higher price in the exploiting part

of the firm. In the component of individual consumer surplus equation ∆CSi = s+ p0− tri− p,

as L increases, only ri shrinks, with p fixed (p = p1), so the total consumers surplus increases

monotonically with targetability.

In area II, consumers surplus also increases with higher targetability, but because of a differ-

ent reason. In area II, r0 ≤ 1
2L

, so in the second period there are some consumers who underes-

timate the true distances of the recommended products. Which consumers accept in the second

period, among those who are (r0,
1

2L
) distances away from the recommendations, depends on the

price p. Under area II condition, the total profit increases monotonically in p, as illustrated by

Fig.4.3 (b,c). So the vendor will charge p1 and give up all consumers at (r0,
1

2L
) distances away

from recommendations in the second period. In each group in the second period, only consumers

at (0, r0) accept. Therefore, higher targetability means more groups of consumers and thus more
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consumers surplus in total.

From analysis of area II and area IV, I have demonstrated the role of r0 in lowering price and

increasing consumer surplus. In fact row 2 of Table 4.3 shows that in area II & IV, consumer

surplus increases in r0. This indicates that when consumers question more about the quality

of recommendation, they have more power to let the firm charge low price in order to ensure

first-period adoption of the RS.

Total Welfare Looking at row 3 of Table 4.3, total welfare, which is the sum of profit and

consumer surplus, grows monotonically with the targetability. The one-period model in Chapter

3 and the two-period model are consistent on the relationship between total welfare and the level

of personalization L. For most of the time the total welfare is not correlated with consumers’

initial evaluation of the recommendations, with the exception of area II. Area II features optimal

price p1 by which firm encourages first-period all consumers’ entries and second-period entries of

only consumers who overestimates in the first period. So 2r0L describes the second-period size

of ”accept” consumers. As demand of using recommendations increases, total welfare grows.

4.3.4 Compared to Chapter 3 after Extending to Two Periods

The objective of the two-period model is to analyze firm’s behavior in the RSs when it is pro-

moting adoptions by its current consumer base. The two-period model adds one period of intial

adoption to the one-period model in Chapter 3 and assumes consumers’ uncertainties of the rec-

ommendation quality.

Remember in Chapter 3, firm’s behavior is splitted into two parts, first of which is the ex-

ploring behavior at low levels of personalization and both firm and consumers benefit from more

personalization as adoption increases. The second one is the exploitive behavior under high lev-

els of personalization. All consumers adopt recommendations and firm starts to increase price

through increasing the level of personalization. The result of the new two-period model limits
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such exploitive behavior from the following perspectives:

Limit Exploiting Price As shown in Chapter 3, the exploiting price charged by the firm in the

one-period model is

p = p0 + s− t

2L
(4.8)

In the two-period model, this is exactly p3 and firm only chooses p3 in area I defined by r0 ≤ 1
2L

and L ≥ 3t
2s

. When r0 ≤ 1
2L

, i.e. consumers have good initial evaluation of the recommendations,

the uncertainty doesn’t affect firm’s decisions. In comparison, when r0 is large, the vendor has

to choose lower-than-exploiting price in order to ensure all consumers adopt recommendations

in the first period, either p1 or p2.

The two-period model still exhibits patterns of exploring and exploiting, as shown in the

previous section. The turning point from exploring to exploitive behavior is to have a level of

personalization more than t
s
, which is lower than the necessary condition for the two-period

model, 3t
2s

. Another condition, if combined with L ≥ 3t
2s

constitute the sufficient condition for

exploitive behavior, is L ≤ 1
2r0

. r0 is assumed only in the two-period model, and the exploiting

condition is harder for the firm to satisfy as r0 becomes larger. Reflected in the Fig.4.4 is the

shrinkage of green area I (exploiting area) as r0 gets higher.

Increase Consumer Surplus Chapter 3 also shows that consumer surplus first increases and

then decreases with L. The turning point is also t
s
. For the two-period model, the turning point

between area I and area III is 3t
2s

, which is larger than t
s
. Even under large targetability, if a

consumer has large uncertainty and predicts a bad quality of recommendation initially (r0), then

exploiting condition can be avoided. The introduction of r0 allows the consumer surplus to be

remediated by large r0.

In a nutshell, by adding the first period when consumers have uniform guess on the distance,

firm needs to set a relatively lower price to persuade them to buy directly. This constraint puts
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an upper bound on the price, so firm cannot exploit all consumers surplus. To some extent I have

achieved the goal of limiting the firm’s exploitive behavior.

4.3.5 Discussion of L, Search Costs s, and Product Differentiation t

As the personalization level L is discrete and no less than 1, the parameter space plotted in

Fig.4.4 might not be all valid. The parameter space that is valid under L ≥ 1 should be above

the line L = 1. The relative position of L = 1 in the space determines whether each one of the

four areas discussed above is valid or not. Such relative position is a function of search cost s,

and the product differentiation level/unit transportation cost t.

In fact, the relative position of L = 1 to the two critical values t
2s

and 3t
2s

is a function of t
s
.

The valid areas with different conditions of t
s

is the following:

 Area I & IV if t
s
< 2

3

Area I, II, III & IV if t
s
≥ 2

3

 (4.9)

The validity conditions of four areas represented by Eq.(4.9) can be put into the parameter space

as of Fig.4.4. The result is Fig.4.5.

Figure 4.5: The relative position of line L = 1
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4.3.6 Discussion of r0

As the essential part of the two-period model, the value of r0 as consumers’ initial evaluation of

the recommendation quality determines how much the concern of first-period adoption can limit

the second period exploitive behavior of the e-vendor. It is therefore important to discuss the

valid region of r0.

When an existing consumer of the vendor is new to the RS, it is usually assumed that the

consumer has some prior information about the RS. Such information might be the exact true

location of the recommended product, which is the case of Chapter 3, or it might be consumers’

prior belief on how the recommended product location is distributed. What is more relevant

information in my model is the firm’s targetability, and if the consumer gets to know such infor-

mation of L correctly, the location information can be estimated/ derived according to the value

of L.

If a consumer is able to obtain accurate information of L, r0 can be assumed to follow some

specific distribution supported by [0, 1
2L

]. If no other information is available, consumers can se-

lect uniform distribution on [0, 1
2L

], and if product information is partially observed, consumers

might assume normal or triangle distribution centered at the point on the circle where the ob-

served product characteristics have the most occurrences.

Consumers’ prior distribution is assumed to be homogeneous in the model. However, for

most of the time in reality, it is heterogenous. For example, even if the consumers’ prior dis-

tribution belongs to the same family such as normal distribution, if firm reveal different partial

characteristics of the product to consumers, or the sources of information obtained by the con-

sumers are different, the means of prior distribution are heterogenous across consumers.

Strategic Choices of r0 on Both Sides

As the initial guess of product location r0 goes into both the profit function of the vendor and the

consumer surplus functions of the consumers, it is relevant to discuss how firm and consumers
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might strategically choose or influence r0 to improve their own welfare.

First, on the vendor’s side, profit decreases in r0. If it learns how consumers form opinions

about the recommendation quality, such as their prior distribution of r0, the vendor might strate-

gically personalize the information to be revealed to each consumers that makes them choose

a distribution of r0 with low mean. In practice, if the firm knows a specific consumer prefers

old romantic movies, the firm might reveal the year of release information and hide the genre

information of a old horror movie it decides to put into the RS. The objective of firm’s strategic

decision is to increase r0 as much as possible.

On the other side, for consumers, consumer surplus increases in r0. r0 increases consumers

surplus by influencing the vendor’s pricing decision. In order to ensure all adoptions in the first

period, the highest price to charge decreases in r0. So in order to achieve the same purpose,

consumers might strategically give wrong hints that they have a bad evaluation of the recom-

mendations and threaten the vendor to not adopt it in the first period.

To summarize, the strategies of both the firm and consumers to increase welfare through

influencing r0 are based on their current information of the other players. If both firm and con-

sumers make strategic decisions, they are actually competing for the amount and accuracy of

information they acquire.

A Simple Deterministic and Homogenous r0

As previously explained, consumers’ prior information on r0 can be a random variable with some

specific distribution, either homogenous or heterogenous across individual consumers on the

circle. To begin with, I analyze a simple case of deterministic and homogenous initial evaluation

of r0:

r0 =
1

4L
(4.10)

As shown in the previous model, in the first period, all consumers accept under price p0 +s−p ≥

tr0, i.e. p ≤ p0 + s − tr0 = p0 + s − t
4L

. and in the second period, marginal consumers on the
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unbounded Hotelling line:

rm =
p0 + s− p

t

As the actual groups are on bounded Hotelling arc, the actual marginal consumer who accepts

recommendations is at ri = min(p0+s−p
t

, 1
2L

) distance away from the product.

As concluded previously, the consumer will always search or purchase recommendation,

firm can always earn not-lower-than search price from each consumer. So firm is maximizing

the profit difference between the RS and the catalog. The two-period profit difference is:

∆π(p|p ≤ p0 + s− tr0) = ∆π1(p) + ∆π2(p) = (p− p0)(1 + 2L ∗min(rm,
1

2L
))

Specifically, when p ≤ p0+s− t
2L

, rm ≥ 1
2L

. When p0+s− t
2L
≤ p ≤ p0+s− t

4L
, 1

4L
≤ rm ≤ 1

2L
.

So the two-period profit as a function of price,

∆π(p|p ≤ p0 + s− t

2L
) = 2(p− p0)

∆π(p| ≤ p0 + s− t

2L
≤ p ≤ p0 + s− t

4L
) = −2L

t
[(p− p0)2 − (

t

2L
+ s)(p− p0)]

The optimal prices:

p∗|p ≤ p0 + s− t

2L
= p0 + s− t

2L

p∗| ≤ p0 + s− t

2L
≤ p ≤ p0 + s− t

4L
=

{ p0 + s− t
4L

if L ≤ t
s

p0 + s
2

+ t
4L

if t
s
≤ L ≤ 3t

2s

p0 + s− t
2L

if L ≥ 3t
2s

Combining two cases of rm ≥ 1
2L

and rm ≤ 1
2L

, I plot the profit function and mark optimal

prices for each scenarios (different levels of personalization) as red stars in Fig.4.6. Plugging the
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Figure 4.6: Optimal prices with different level of personalization

optimal prices, the resulting optimal profit as a function of personalization level is as follows.

∆π∗(L) =

{ 3s
2
− 3t

8L
if L ≤ t

s

s2

2t
L+ t

8
1
L

+ s
2

if t
s
≤ L ≤ 3t

2s

2s− t
L

if L ≥ 3t
2s

(4.11)

It’s easy to find that the optimal profit increases monotonically inL as shown in Eq.(4.11). There-

fore in this case of r0 = 1
4L

, if L is endogeneous, firm will choose infinite level of personalization.

4.3.7 Discussion ofL: the Return to Investment of Improving Targetability

In previous sections and Chapter 3, I have shown that firm always prefers higher level of person-

alization L as well as higher targetability, and all previous discussion of this Chapter 4 is around

how low evaluation of recommended product in consumers’ initial adoption is able to mediate

the exploiting-through-better-targeting behavior of the firm. However, in real life, improvement

of targeting technology has a cost, and if the benefit from more targetability cannot afford to

cover such cost, the vendor might not be willing to do so.

Using the simple case of r0 = 1
4L

as consumers’ prior quality information, Fig.4.7 plots

the profit function against increasing level of personalization L when s = 1, t = 6, according

to Eq. (4.11) . From Fig.4.7, it is easy to observe that the diminishing marginal returns to
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Figure 4.7: How profit increases with the level of personalization

increasing L. In contrast, the technology cost of improving targetability usually has a increasing

marginal cost of increasing L. Several researchers assumed convex cost function of investing in

improving targetability of consumers. For example, Chen and Iyer (2002) assume c(x) = 1
2
kx2,

where x denotes addressability in width. Chen et al. (2001) apply c(I) = cI2, where I denotes

targetability, defined in the paper as the accuracy of correctly identifying the consumer stype. To

optimize profit, firm should choose the level of personalization at which marginal benefit equals

the marginal cost of increasing targetability.

4.4 Concluding Remarks and Future Work

In this part of the thesis, I extend the one-period model developed in Chapter 3 to a two-period

model by adding one adoption period before the one-period model. In the two-period model,

I assume consumers don’t observe the true location of the recommended product before any
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purchase, but can learn completely after one period purchase. This setting motivates the vendor

to lower the price to ensure first-period adoption of consumers. By solving the extended model, I

have demonstrated that the vendor’s optimal price in two periods is lower than the optimal price

in a one-shot game, and the firm exhibits less exploitive behavior.

Particularly, the profit increases with targetability and decreases with consumers’ initial eval-

uation of the distances from the recommended products. Targetability is measured in the level

of personalization, while the distance between a consumer and the recommended product is a

proxy for the quality of horizontally differentiated products. In contrast, consumer surplus ex-

hibits a non-monotonic trend when targetability increases, but increases monotonically as the

initial evaluation of product quality is lower.

Furthermore, the potentials are discussed for both firm and consumers to strategically in-

fluence the knowledge of each other on observed targetability and initial inference of quality

respectively in order to increase their own welfares. As the firm and the consumers have conflict

of interest on how the two factors should change, two players can compete for the accuracy of

information they have and change the two factors in the directions they prefer.

In addition, I have also pointed out that the firm’s decision of improving targetability not only

depends on the benefits from higher personalization, but also relies on the cost of technology

improvements.

This part of the study is an initial step in exploring a monopolistic vendor’s long term behav-

ior and resulting welfare impact in personalized RSs. This work contributes to the literature by

analyzing the conflicts of interest between the vendor and its consumers in such a multi-period

transaction model along with two important factors, which are the firm’s targetability and con-

sumers’ initial evaluation of the recommender systems. In the future, the topics I mentioned, such

as the two-sided strategic choices as well as the benefit-cost analysis of the targeting technology,

should be formally analyzed in a similar framework.
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Chapter 5

Conclusions and Implications

In the first part of my thesis work, the research question is whether the profit-driven firm will

choose a recommendation mechanism that hurts or is suboptimal to its consumers. I explore this

question empirically with a concrete recommender system created by our industry collaborator

for their Video-on-Demand (VoD) system. Empirically, in order to evaluate the counterfactual

profit-maximizing recommender system, I first chose the commonly adopted exponential demand

function and calibrated the price and slot elasticities using the sales dataset of the online VoD

recommender system. Particularly, I implemented a Poisson regression model, which is typi-

cally used for count data, regressing sales on video features. Thanks to the large-scale (300,000

users) randomized experiment, I was able to get consistent estimates for elasticities. The average

price elasticity is about -0.4 and the average elasticity of demand, by moving movies from the

right to left (considered superior) slots, decreases by 0.08. The heterogeneous fixed effect is

also estimated for each movie. Next, in order to explore the profit-maximizing recommendation

mechanism, 1000 simulations were conducted. In each iteration, 15 movies were randomly sam-

pled and used for recommendation. Plugging the exogenous prices, fixed effects, as well as price

and slot elasticities into the demand functions, the firm’s optimal slot assignments of the selected

15 movies were calculated. As a comparison, the mechanisms to maximize consumer surplus

and total welfare, along with other popular schemes like ranking by previous sales, IMDb ratings
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or IMDb votes, were also calculated. In the end, three aggregate welfare measures, i.e. profits,

consumer surplus and total welfare, were evaluated for each 15-movie set, for each simulation

and for seven mechanisms of recommendations. As a result, the profit-maximizing recommender

system was found to generate 8% less than the consumer surplus-maximizing recommender sys-

tem.

From this study, I conclude that in the real world, there exists a conflict of interest between

the firm and the consumers in recommender systems, and this identified significant conflict only

arises from the different preference in assignment of listed orders. Practically, since there are

more design variables besides listed orders, this evaluation of the conflict, i.e. the potential

relative loss of consumer welfare, is an merely underestimates of the actual consumer loss. This

study indicates a potential need for institutional or governmental regulatory interference in order

to protect consumers. As shown in the result, there might exist an assignment of listed orders that

maximize total welfare as the sum of the firm and consumers’ welfares, this type of optimization

is potentially preferred by policymakers and regulators.

What’s more, in the first part what I quantified is a recommender systems for a representative

consumer, and in the econometrics model I used to estimate demand function, I merely differ-

entiate consumers by two types: whether they are premium or standard consumers. This is not

enough for a world teeming with personalizations. Encouraged by this idea, I investigated the

topic of personalization in recommender systems.

In the second part of my research, I explored the role of personalization in online recom-

mender systems on improving firm’s profit, consumer surplus, and total social welfare, especially

how the effect of personalization resembles that of price discrimination strategy. I proposed an

analytical framework to model a monopoly firm offering horizontally differentiated products in

the catalog and deploying recommendations with a specific level of personalization. By evalu-

ating the profit, consumer surplus, and total welfare after introducing the recommender system,

I was able to show that the profit-driven recommender system improves all three welfare mea-
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sures, mainly because it reduces the consumer search cost. While the magnitude of improvement

of profits and total welfare increases monotonically with the level of personalization, it is im-

portant to point out that the increase in consumer surplus first gets higher and then shrinks when

the personalization level grows further. In extreme cases, when the firm offers each consumer

a different recommendation, i.e. perfect personalization, it approximates the effect of price dis-

crimination strategy, wherein the company captures all the increase of surplus from consumers.

This result motivates policymakers and regulators to rethink the effect of personalized recom-

mendations. The welfare impact of different recommendation strategies largely varies across

different application situations and depends largely on the format of recommender systems, the

search cost of the navigation system of the websites, and the level of differentiation of the avail-

able products. It’s important to conduct a comprehensive study of recommender systems that

carefully calibrates the specific factors I have talked about in this thesis. What’s more, researcher

and executors should treat the negative aspect of personalization as seriously as price discrimi-

nation.

In the third part of the dissertation, motivated by consumer’s repeated purchase behavior and

uncertainties of the seller on consumer preferences and consumers’ uncertainty about recommen-

dation quality, I analyzed welfare properties of recommender systems in a framework similar to

the second part but with the addition of an initial period for consumer learning about the rec-

ommendation quality. Extension to the two-period model motivates the monopoly e-vendor to

lower price in order to ensure consumers’ entries in the initial period, which increases consumer

surplus of both periods. The firm’s exploitive behavior through high levels of personalization in

the one-period model is restricted by such an incentive from the initial period.

The third part highlights two important factors that have conflicting welfare effects: tar-

getability and consumers’ initial guess. Even through increasing targetability, the monopolistic

vendor is able to provide each consumer with the recommendation that is so close to them that

consumers have high willingness-to-pay. However, the vendor cannot take all the surplus by
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charging the price as much as consumers’ willingness-to-pay, because in the initial adoption pe-

riod, inexperienced consumers don’t know the recommendation is of high quality and therefore

the adoption price should match their initial guess on the quality.

The results have significant implications for policymakers. In part one, I have suggested

regulations of the listed orders or other designs of recommender systems than the profit-driven

design. The third study suggests a capital way to protect consumers’ welfare that arises from

a healthy market mechanism, which is a long-term collaboration between the firm and its con-

sumers. As such, encouraging feedback mechanisms and buyer and sellers’ loyalty that promote

long term transaction could give policymakers less barriers and achieve more efficient welfare

effects.
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Chapter 6

Future Works

The work of this thesis is an initial investigation into the potentially existing conflict of interest

between the e-vendor and the targeted consumers of its recommender systems. Following this

thesis work, there are two major directions to develop:

6.1 Empirical Investigation of Personalized Recommender Sys-

tems

The future application of the first part’s empirical work can be focused on applying the empirical

and analytic framework to highly personalized recommender systems that implement state-of-

art algorithms such as matrix completions (Candes and Recht, 2012). The organic results of

recommendations by the state-of-art algorithms are analogous to the recommender systems in

the randomized experiment of the study. Based on the empirically estimated demand function

for organic results, the next step is to simulate how the firm can use the demand function for each

individual consumer to optimize listed orders with the objective of profit maximization. The

profit-driven assignment is then compared to the other assignment discussed in the current study

so that the existence of conflicts of interest can be identified and quantified, if any.
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Furthermore, another layer on top of the above proposed work is to have two parameters as

decision variables, which are the targetability and addressability. Targetability is the accuracy

of recommendations for each consumers, and the addressability describes how many consumers

the vendor can approach and recommend. It would be interesting to see how welfare properties

of the personalized recommender systems vary by the depth and width of personalizations.

6.2 Extensions of the Analytic Model

In the second part during the discussion of two factors, consumers’ initial quality inference for

the recommender systems and the provider’s targetability of consumer locations, two possible

topics have been mentioned.

The first one is to model both the firm and its consumers as strategic players. That means firm

and consumers can influence consumers’ initial guess of the product locations. The consumers’

initial quality inference can be a function of the firm’s decision and investment, while the firm’s

knowledge of the consumers’ inference can also be strategically affect by consumers.

In addition, the future work on investigating a firm’s decision to improve targetability can

be focused on developing an analytic model including a convex technology cost on targetability

improvement similar to those developed by Chen et al. (2001) and Chen and Iyer (2002).
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Appendix A

Technical Proofs

A.1 Proof of Proposition 1

π(A1B2) = mAp
β1+β2
A +mBp

β1
B

= − (β1 + β2)β1+β2

(1 + β1 + β2)1+β1+β2
c1+β1+β2
A − ββ11

(1 + β1)1+β1
c1+β1
B

CS(A1B2) = − p1+β1+β2
A

1 + β1 + β2

− p1+β1
B

1 + β1

= − (β1 + β2)1+β1+β2

(1 + β1 + β2)2+β1+β2
c1+β1+β2
A − β1+β1

1

(1 + β1)2+β1
c1+β1
B

Substituting the optimal price function into the welfare functions, the profit and consumers sur-

113



plus from ordering A2B1 are:

π(A2B1) = mAp
β1
A +mBp

β1+β2
B

= − ββ11

(1 + β1)1+β1
c1+β1
A − (β1 + β2)β1+β2

(1 + β1 + β2)1+β1+β2
c1+β1+β2
B

CS(A2B1) = − p1+β1
A

1 + β1

− p1+β1+β2
B

1 + β1 + β2

= − β1+β1
1

(1 + β1)2+β1
c1+β1
A − (β1 + β2)1+β1+β2

(1 + β1 + β2)2+β1+β2
c1+β1+β2
B

The optimal ordering to maximize price can be found by calculating the profit difference under

different orderings.

π(A1B2)− π(A2B1) =[− (β1 + β2)β1+β2

(1 + β1 + β2)1+β1+β2
c1+β1+β2
A − ββ11

(1 + β1)1+β1
c1+β1
B ]

− [− ββ11

(1 + β1)1+β1
c1+β1
A − (β1 + β2)β1+β2

(1 + β1 + β2)1+β1+β2
c1+β1+β2
B ]

=[− (β1 + β2)β1+β2

(1 + β1 + β2)1+β1+β2
c1+β1+β2
A +

ββ11

(1 + β1)1+β1
c1+β1
A ]

− [− (β1 + β2)β1+β2

(1 + β1 + β2)1+β1+β2
c1+β1+β2
B +

ββ11

(1 + β1)1+β1
c1+β1
B ]

Define an intermediate function f , such that

f(c) = − (β1 + β2)β1+β2

(1 + β1 + β2)1+β1+β2
c1+β1+β2 +

ββ11

(1 + β1)1+β1
c1+β1 (A.1)

Using f(c) to represent the profit difference under two orderings, π(A1B2) − π(A2B1) =

f(CA)− f(CB). Without loss of generality, assume cA ≤ cB,

f ′(c) =− (
β1 + β2

1 + β1 + β2

)β1+β2cβ1+β2 + (
β1

1 + β1

)β1cβ1

=− (
β1 + β2

1 + β1 + β2

)β1+β2cβ1 [cβ2 − (
1 + β1 + β2

β1 + β2

)β1+β2(
β1

1 + β1

)β1 ]
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Since F = (1+β1+β2
β1+β2

)[ β1(1+β1+β2)
(1+β1)(β1+β2)

]
β1
β2

f ′(c) = −(
β1 + β2

1 + β1 + β2

)β1+β2cβ1 [cβ2 − F β2 ]

If c < F , then f ′(c) > 0, if CA < CB, then f(CA) < f(CB), π(A1B2) < π(A2B1).. So for

profit firm will put high cost movie in the first place.

A.2 Proof of Proposition 2

CS(A1B2)− CS(A2B1) =[− (β1 + β2)1+β1+β2

(1 + β1 + β2)2+β1+β2
c1+β1+β2
A − β1+β1

1

(1 + β1)2+β1
c1+β1
B ]

− [− β1+β1
1

(1 + β1)2+β1
c1+β1
A − (β1 + β2)1+β1+β2

(1 + β1 + β2)2+β1+β2
c1+β1+β2
B ]

=[− (β1 + β2)1+β1+β2

(1 + β1 + β2)2+β1+β2
c1+β1+β2
A +

β1+β1
1

(1 + β1)2+β1
c1+β1
A ]

− [− (β1 + β2)1+β1+β2

(1 + β1 + β2)2+β1+β2
c1+β1+β2
B +

β1+β1
1

(1 + β1)2+β1
c1+β1
B ]

Let

g(c) =− (β1 + β2)1+β1+β2

(1 + β1 + β2)2+β1+β2
c1+β1+β2 +

β1+β1
1

(1 + β1)2+β1
c1+β1

Then g(CA)− g(CB) = CS(A1B2)− CS(A2B1)

g′(c) =− (
β1 + β2

1 + β1 + β2

)1+β1+β2cβ1+β2 + (
β1

1 + β1

)1+β1cβ1

=− (
β1 + β2

1 + β1 + β2

)1+β1+β2cβ1 [cβ2 − (
1 + β1 + β2

β1 + β2

)1+β1+β2(
β1

1 + β1

)1+β1 ]
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Let

Gβ2 =(
1 + β1 + β2

β1 + β2

)1+β1+β2(
β1

1 + β1

)1+β1

G =(
1 + β1 + β2

β1 + β2

)[
β1(1 + β1 + β2)

(1 + β1)(β1 + β2)
]
1+β1
β2

So if c < G, g′(c) > 0, then I have if CA < CB, g(CA)− g(CB) = CS(A1B2)− CS(A2B1) < 0,

which means it’s more beneficial for the consumer if firm recommends high cost in the first

place.

A.3 Proof of Proposition 3

Total social welfare, denoted by TS, is TS = CS + π.

TS(A1B2)− TS(A2B1) =[CS(A1B2)− CS(A2B1)] + [π(A1B2)− π(A2B1)]

=[g(CA)− g(CB)] + [f(CA)− f(CB)]

=[g(CA) + f(CA)]− [g(CB) + f(CB)]
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Let h(c) = g(c) + f(c), then

TS(A1B2)− TS(A2B1) =h(CA)− h(CB)

h′(c) =f ′(c) + g′(c)

=− (
β1 + β2

1 + β1 + β2

)β1+β2cβ1+β2 + (
β1

1 + β1

)β1cβ1

− (
β1 + β2

1 + β1 + β2

)1+β1+β2cβ1+β2 + (
β1

1 + β1

)1+β1cβ1

=− (
β1 + β2

1 + β1 + β2

)β1+β2cβ1 [cβ2 − (
β1 + β2

1 + β1 + β2

)β1+β2(
β1

1 + β1

)β1

+
β1 + β2

1 + β1 + β2

cβ2 − (
1 + β1 + β2

β1 + β2

)β1+β2(
β1

1 + β1

)1+β1 ]

=− (
β1 + β2

1 + β1 + β2

)β1+β2cβ1(1 +
β1 + β2

1 + β1 + β2

)[cβ2

− (
1 + β1 + β2

β1 + β2

)β1+β2(
β1

1 + β1

)β1
(1 + β1 + β2)(1 + 2β1)

(1 + β1)(1 + 2β1 + 2β2)
]

Let Hβ2 = (1+β1+β2
β1+β2

)β1+β2( β1
1+β1

)β1 (1+β1+β2)(1+2β1)
(1+β1)(1+2β1+2β2)

So if c < H, h′(c) > 0, I then have if

CA < CB, h(CA) < h(CB), TW (A1B2) < TW (A2B1), which means to maximize total social

welfare, firm should recommend high cost movie in the first place in this situation.
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A.4 Proof of Proposition 4

As F β2 · β1(1+β1+β2)
(1+β1)(β1+β2)

= F β2 · β2
1+β1+β1β2

β2
1+β1+β2+β1β2

= Gβ2 , 0 <
β2
1+β1+β1β2

β2
1+β1+β2+β1β2

< 1, β2 > 0, so F > G.

F β2 =(
1 + β1 + β2

β1 + β2

)β1+β2(
β1

1 + β1

)β1

Gβ2 =(
1 + β1 + β2

β1 + β2

)1+β1+β2(
β1

1 + β1

)1+β1 = (
1 + β1 + β2

β1 + β2

)β1+β2(
β1

1 + β1

)β1
(1 + β1 + β2)(β1)

(1 + β1)(β1 + β2)

Hβ2 =(
1 + β1 + β2

β1 + β2

)β1+β2(
β1

1 + β1

)β1
(1 + β1 + β2)(1 + 2β1)

(1 + β1)(1 + 2β1 + 2β2)

Hβ2

F β2
=

(1 + β1 + β2)(1 + 2β1)

(1 + β1)(1 + 2β1 + 2β2)
=

(1 + β1)(1 + 2β1) + β2(1 + 2β1)

(1 + β1)(1 + 2β1) + 2β2(1 + β1)
< 1

∴ F >H

Gβ2

Hβ2
=
β1(1 + 2β1 + 2β2)

(β1 + β2)(1 + 2β1)
=

β1 + 2β2
1 + 2β1β2

β1 + 2β2
1 + 2β1β2 + β2

< 1

∴ G <H,G < H < F

Proof is done.

A.5 Proof for proposition 5

A.5.1 F −G increases in β2

Since I have

F =
1 + β1 + β2

β1 + β2

[
β1(1 + β1 + β2)

(1 + β1)(β1 + β2)
]
β1
β2

, taking the derivative after taking the log, with respect to β2, I have

∂log(F )

∂β2

= −β1

β2
2

log(
β1(1 + β1 + β2)

(1 + β1)(β1 + β2)
)− 1

β2(1 + β1 + β2)

=
β1

β2
2

[log(1 +
β2

β1(1 + β1 + β2)
)− β2

β1(1 + β1 + β2)
]
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Let x = β2
β1(1+β1+β2)

, I have,

∂log(F )

∂β2

= −β1

β2
2

(log(1 + x)− x)

Since
d[log(1 + x)− x]

dx
=

1

1 + x
− 1 < 0, ∀x > 0

,

log(1 + x)− x < log(1 + 0)− 0 = 0

∵ β2 > 0, β1 < 0, 1 + β1 + β2 < 0

∴ x > 0

∴ log(1 + x)− x = log(1 +
β2

β1(1 + β1 + β2)
)− β2

β1(1 + β1 + β2)
< 0

∵
β1

β2
2

< 0,
∂log(F )

∂β2

> 0

Therefore, I have proved that F increase in β2.

∵ G = F [
β1(1 + β1 + β2)

(1 + β1)(β1 + β2)
]

1
β2

∴
∂log(G)

∂β2

=
∂log(G)

∂β2

+
1

β2
2

log[
β2

β1(1 + β1 + β2)
+ 1]− 1

β2(β1 + β2)(1 + β1 + β2)

= (
β1 + 1

β2
2

)[log(1 +
β2

β1(1 + β1 + β2)
)− β2

(1 + β1)(β1 + β2)
]

= (
β1 + 1

β2
2

)[− β2

(1 + β1)(β1 + β2)
− log(1− β2

(1 + β1)(β1 + β2)
)]
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Define x = − β2
(1+β1)(β1+β2)

, then I have

∂log(G)

∂β2

= (
β1 + 1

β2
2

)[x− log(1 + x)]

∵ β2 > 0, 1 + β1 < 0,β1 + β2 < 0,∴ x < 0

1 + x =
β1(1 + β1 + β2)

(β1 + β2)(1 + β1)
> 0,∴ −1 < x < 0

d[x− log(1 + x)]

dx
= 1− 1

1 + x
< 0, ∀ − 1 < x < 0

x− log(1 + x) > 0− log(1 + 0) = 0

∵ β1 + 1 < 0, β2 > 0, ∴
∂log(G)

∂β2

< 0

Therefore I have proved that G decreases in β2.

A.5.2 F −H increases in β2

Since I have shown F > H . The size of conflict region between total welfare and profit is F−H ,

F −H = F [1− H

F
]

If defining M , s.t.
H

F
= [

(1 + 2β1)(1 + β1 + β2)

(1 + 2β1 + 2β2)(1 + β1)
]

1
β2
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Since it is already showed that F increases β2, if H
F

decreases in β2, then the size of region F−H

also increases in β2.

log(
H

F
) =

1

β2

log[
(1 + 2β1)(1 + β1 + β2)

(1 + 2β1 + 2β2)(1 + β1)
]

∂log(H
F

)

∂β2

= − 1

β2
2

log[
(1 + 2β1)(1 + β1 + β2)

(1 + 2β1 + 2β2)(1 + β1)
]

+
1

β2

(1 + 2β1 + 2β2)(1 + β1)

(1 + 2β1)(1 + β1 + β2)

∂

∂β2

[
(1 + 2β1)(1 + β1 + β2)

(1 + 2β1 + 2β2)(1 + β1)
]

= − 1

β2
2

log[
(1 + 2β1)(1 + β1 + β2)

(1 + 2β1 + 2β2)(1 + β1)
]− 1

β2

1

(1 + 2β1 + 2β2)(1 + β1 + β2)

= − 1

β2
2

{ β2

(1 + 2β1 + 2β2)(1 + β1 + β2)
− log[1 +

β2

(1 + 2β1)(1 + β1 + β2)
]}

let x = β2
(1+2β1)(1+β1+β2)

, then

∵ β2 > 0, β1 + β2 < −1

∴
β2

(1 + 2β1)(1 + β1 + β2)
> 0

∵ ∀x > 0, x− log(1 + x) > 0

∴ − log[1 +
β2

(1 + 2β1)(1 + β1 + β2)
] > − β2

(1 + 2β1)(1 + β1 + β2)

∵ β2 > 0

∴
∂log(H

F
)

∂β2

< − 1

β2
2

{ β2

(1 + 2β1 + 2β2)(1 + β1 + β2)
− β2

(1 + 2β1)(1 + β1 + β2)
}

∵ (1 + 2β1 + 2β2)(1 + β1 + β2) < (1 + 2β1)(1 + β1 + β2)

∴
β2

(1 + 2β1 + 2β2)(1 + β1 + β2)
− β2

(1 + 2β1)(1 + β1 + β2)
> 0

∴ − 1

β2
2

{ β2

(1 + 2β1 + 2β2)(1 + β1 + β2)
− β2

(1 + 2β1)(1 + β1 + β2)
} < 0

∴
∂log(H

F
)

∂β2

< 0
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So I conclude that H
F

decreases in β2, so F −H increase in β2, the size of conflict region is larger

for larger order effects.

A.6 Proof for proposition 6

A.6.1 CS(A2B1)− CS(A1B0) increases in β2 when G < cA < cB < F

When G < cB < cA < F , the firm adopts A1B0 to maximize profit, but consumers endure

potential loss in consumer surplus (CS). The magnitude of CS loss is: ∆CS = CS(A2B1) −

CS(A1B2) Let

K = − (β1 + β2)1+β1+β2

(1 + β1 + β2)2+β1+β2
[c1+β1+β2
B − c1+β1+β2

A ] (A.2)

Taking derivatives wrt β2, I have:

∂∆CS

∂β2

=
∂K

∂β2

=− ∂

∂β2

[
(β1 + β2)1+β1+β2

(1 + β1 + β2)2+β1+β2
](c1+β1+β2

B − c1+β1+β2
A )

− (β1 + β2)1+β1+β2

(1 + β1 + β2)2+β1+β2
[log(cB)c1+β1+β2

B − log(cA)c1+β1+β2
A ] (A.3)

Let T = (β1+β2)1+β1+β2

(1+β1+β2)2+β1+β2
, so

∂log(−T )

∂β2

= log(−(β1 + β2)) +
1 + β1 + β2

β1 + β2

− log(−(β1 + β2))− 2 + β1 + β2

1 + β1 + β2

= log(
β1 + β2

1 + β1 + β2

) +
1

(1 + β1 + β2)(β1 + β2)

∵
∂log(−T )

∂β2

=
1

T

∂T

∂β2

∴
∂T

∂β2

= T
∂log(−T )

∂β2

=
(β1 + β2)1+β1+β2

(1 + β1 + β2)2+β2+β2
[log(

β1 + β2

1 + β1 + β2

) +
1

(1 + β1 + β2)(β1 + β2)
] (A.4)
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Plugging equation A.4 into equation A.3, I have:

∂∆CS

∂β2

= − (β1 + β2)1+β1+β2

(1 + β1 + β2)2+β2+β2
[log(

β1 + β2

1 + β1 + β2

) +
1

(1 + β1 + β2)(β1 + β2)
](c1+β1+β2

B − c1+β1+β2
A

− (β1 + β2)1+β1+β2

(1 + β1 + β2)2+β1+β2
[log(cB)c1+β1+β2

B − log(cA)c1+β1+β2
A ]

Let S(c) = [log( β1+β2
1+β1+β2

) + 1
(1+β1+β2)(β1+β2)

+ log(c)]c1+β1+β2 , then I have:

∂∆CS

∂β2

= − (β1 + β2)1+β1+β2

(1 + β1 + β2)2+β1+β2

= s(cB)− s(cA)

s′(c) = [log(
β1 + β2

1 + β1 + β2

) +
1

(1 + β1 + β2)(β1 + β2)
+ log(c) +

1

1 + β1 + β2

](1 + β1 + β2)cβ1+β2

= [log(
β1 + β2

1 + β1 + β2

) +
1

β1 + β2

+ log(c)](1 + β1 + β2)cβ1+β2 (A.5)

Since the conflict region is [G,F ], i.e. G < cB < cA, here I have

G =
1 + β1 + β2

β1 + β2

[
β1(1 + β1 + β2)

(1 + β1)(β1 + β2)
]
1+β1
β2 < c (A.6)

Taking the log on the two side of equation A.6

log(c) > −log(
β1 + β2

1 + β1 + β2

) +
1 + β1

β2

log(1− β2

(1 + β1)(β1 + β2)
)

log(
β1 + β2

1 + β1 + β2

) + log(c) +
1

β1 + β2

>
1 + β1

β2

log(1− β2

(1 + β1)(β1 + β2)
) +

1

β1 + β2

>
1 + β1

β2

[log(1− β2

(1 + β1)(β1 + β2)
) +

β2

(1 + β1)(β1 + β2)
]

Since log(1− x) + x < 0,∀x > 0, and β2
(1+β1)(β1+β2)

> 0, therefore

log(1− β2

(1 + β1)(β1 + β2)
) +

β2

(1 + β1)(β1 + β2)
< 0

123



Since 1+β1
β2

< 0,

1 + β1

β2

[log(1− β2

(1 + β1)(β1 + β2)
) +

β2

(1 + β1)(β1 + β2)
] > 0

So

log(
β1 + β2

1 + β1 + β2

) + log(c) +
1

β1 + β2

> 0 (A.7)

Plugging in equation A.7 into equation A.5,

∵ β1 + β2 < β1 + β2 + 1 < 0

∴
(β1 + β2)1+β1+β2

(1 + β1 + β2)2+β2+β2
< 0, log(

β1 + β2

1 + β1 + β2

) > 0,
1

(1 + β1 + β2)(β1 + β2)
> 0

(
β1 + β2

1 + β1 + β2

)1+β1+β2 > 0

∵ cB < cA

∴ c1+β1+β2
B − c1+β1+β2

A > 0, cβ1+β2
B − cβ1+β2

A > 0

∴
∂∆CS

∂β2

< 0
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